We present a methodology for the automatic recognition of negated findings in radiological reports considering morphological, syntactic, and semantic information. In order to achieve this goal, a series of rules for processing lexical and syntactic information was elaborated. This required development of an electronic dictionary of medical terminology and informatics grammars. Pertinent information for the assembly of the specialized dictionary was extracted from the ontology SNOMED CT and a medical dictionary (RANM, 2012). Likewise, a general language dictionary was also included. Lexicon-Grammar (LG), proposed by Gross (1975; Cahiers de l'institut de linguistique de Louvain, 24. 23-41 1998), was used to set up the database, which allowed an exhaustive description of the argument structure of predicates projected by lexical units. Computational framework was carried out with NooJ, a free software developed by Silberztein (Silberztein and Noo 2018, 2016), which has various utilities for treating natural language, such as morphological and syntactic grammar, as well as dictionaries. This methodology was compared with a Spanish version of NegEx (Chapman et al. Journal of Biomedical Informatics, 34(5):301-310 2001; Stricker 2016) . Results show that there are minimal differences in favor of the algorithm developed using NooJ, but the quality and specificity of the data improves if lexical-grammatical information is added.
Introduction
Significant developments in communication technology have allowed for the production, access, and exchange of an enormous amount of information and scientific knowledge between users around the world. However, in order to access this large amount of data, it is necessary to have data processing tools that also include storage and information retrieval systems [1] . The methodologies typically used contemplate both rule-based algorithms as well as statistical information. Hybrid projections are also used, in which the two are combined. The development of these types of resources, in general, focuses on specific knowledge domains. Medical knowledge is one of the fundamental domains in this regard, both for the social function it fulfills in preserving the physical and mental integrity of human beings as well as for its increased production and circulation of fundamental texts (research articles, clinical cases, technical reports, etc.).
In the processing of biomedical texts, one of the tasks that has gained the most relevance is the automatic recognition of findings, i.e., the clinical conditions from which patients may suffer. In this regard, according to the approach developed by Zeng et al. [2] and depending on the context of the findings, they can be negated (Bno tumor found^) or questioned (Bno tumor could be observed^). Therefore, identifying negations and their scope in medical texts becomes a task of great interest as a finding affected by a negation could indicate the absence of a medical condition.
In relation to this objective, several methodologies have been proposed, among which the methods proposed by Chapman et al. [3] stand out. These methods utilize the NegEx algorithm, which is based on regular expressions, in order to determine if a finding appears negated or not in a text. Subsequently, NegEx has been adapted to other languages, including Spanish [4] , with diverse results.
However, a difficulty that has been noted based on the reviewed literature [5, 6] refers to the scope of the negation, i.e., words such as Bno,^and Bwithout,^when the negation affects more than one finding. Thus, for example, one of the most problematic aspects is the identification of those cases where findings are listed (1) or coordinated (2) .
(1) No se detectaron dilataciones ventriculares, desviaciones de la línea media, efectos de masa, ni colecciones.
(No ventricular dilatations, deviations from the midline, mass effects, or collections were detected.) (2) No se detectaron colecciones ni líquido libre (No collections or free fluid were detected.)
These types of particularities cause automatic recognition systems to leave findings undetected or, on the contrary, cause such systems to include false positives (expressions which do not correspond with the findings). These drawbacks are the product of several factors, including punctuation errors, spelling errors, and ad hoc abbreviations. A possible solution to this type of inconvenience lies in utilizing a lexical database for this type of information that is enriched with semantic and syntactic descriptions, as well as rules related to morphology and syntactic analysis. Thus, it is possible to detect automatically (i) the negated finding and (ii) the anatomical area observed, in addition to negation.
The objective of this study is to develop a methodology for the automatic detection of negated findings in radiological reports that takes into account syntactic phenomena as the coordination and enumeration, as well as lexical and semantic information. This is made possible by the previous analysis of the behavior of observation verbs (Bobserve,^Bdetect,B recognize,^etc.) in medical texts, where an agent (someone who observes), an observed object (in this case a finding) and, optionally, a place where it is observed (a bodily area), and the instrument through which the observation was made can be determined. In this way, both the scope of the negation and the syntactic status of the affected elements are observed.
In accordance with the NegEx proposal and in order to achieve this goal, a series of rules for processing lexical and syntactic information was developed. This required the development of an electronic dictionary of medical terminology and computerized grammar. Pertinent information for the assembly of the specialized dictionary was extracted from the anthology SNOMED CT (http://browser.ihtsdotools.org/?) and the Dictionary of Medical Terms from the Royal National Academy of Medicine [7] . Likewise, a general language dictionary was also included [8] . Lexicon-Grammar (LG), proposed by Gross [9, 10] , was used to set up the database. This allowed for an exhaustive description of the argumentative structure of the predicates projected by lexical units.
Computational framework was conducted using NooJ, a free software tool developed by Silberztein [11, 12] , which has various utilities for working with natural language, such as morphological and syntactic grammar, as well as dictionaries. Results show that the detection of negations in coordinated findings improves significantly if lexical-grammatical information is added.
This study is organized as follows: BTheoretical Frameworkŝ ection describes the theoretical framework; BMethod^section presents the methodology; BResults^section states and analyzes the results; BDiscussion^section discusses the results presented in BResults^section; finally BConclusions^section presents the conclusions derived from the research.
Theoretical Framework
The theoretical framework that supports the proposal is presented in this section. The existing studies on negation detection are also mentioned in order to establish some criteria on the syntactic character of negation and the argumentative structure of observation verbs and medical terms using the formal perspective offered by the LG theoretical/methodological framework.
Detection of Negations in Medical Texts
One of the fundamental tasks in the linguistic analysis of medical texts is determining the scope of negation. According to Stricker [4] , the presence or absence of negations, together with indications of clinical conditions or findings, is essential for the characterization of specific medical information and, as a consequence, automatic processing, which enables the recovery, classification, and standardization of these types of reports.
Procedures for detecting and determining the scope of negation usually employ algorithms in the family of regular expression (RegEx) mechanisms, such as the algorithm developed by Chapman et al. [3] , named NegEx by its authors. Proponents of the NegEx procedure hold that there are two basic ways of expressing negations in medical reports: (1) pseudo-negations consisting of character or word sequences which contain double negations, ambiguous phrases, or modifiers (in English), such as Bnot necessarily^or Bwithout difficulty,^and (2) negations such as Babsence of^or Bwithout,^which identify Bpre-negations^or Bpost-negations.Î n addition, this study proposes a list of triggers, or specialized terms which identify the presence of a clinical condition. In a later study, Harkema et al. [13] , expanded the NegEx model by incorporating contextual aspects such as Btemporality^(which locates the condition in a timeline) and Bsubject^(which indicates whether the one experiencing the condition is the patient or another). This last model was denominated ConText.
There are some Spanish adaptations of the NegEx and ConText methods, particularly those developed by Costumero et al. [14] , who developed a corpus using recoverable case studies based on data from Scielo academic publications and then translated the triggers used in other languages into Spanish. Moreover, Stricker [4] incorporated syntactic analysis tools into her proposal, going beyond the regular expression model in order to take into account the grammatical structure of medical reports.
Among the proposals that take linguistic information into account is the noteworthy work of Campillos Llanos et al. [15] , who presented a manual analysis of negation types in 354,677 medical reports with the objective of developing a Negation Processing Module that could be included in a data processing channel for the purpose of medical document analysis.
In the specific case of radiological reports, notable studies carried out in English include that by Wu As et al. [16] , who prepared a list of negations and uncertainty markers in order to improve automatic searches. In order to make this improvement, they developed the RadReportMiner algorithm, which applies a modified version of NegEx. This method takes into account the context in which both the negations and terms appear.
It is worth mentioning that the works focalized on detection of negated findings by processing morphosyntactic and semantic data have shown highly positive results. Related to this is the work done by Nassif et al. for Portuguese language [17, 18] . These authors present a version of BIRAD [19] for the (The doctor operated on the patient.)
El empleado operó la computadora.
(The employee operated the computer.)
language mentioned, developing a lexicon with lexicalsemantic information and grammars for syntactic analysis.
In this study, and in close relation with the proposal developed by Stricker [4] and Campillos Llanos et al. [15] , a formalization of sentence structures is presented that contains negated findings for subsequent computational implantation and allows for the automatic recognition of these findings in natural language texts, in this case radiological reports. To this end, the LG method was used [9, 10] . The main guidelines for this framework are described below.
Lexicon-Grammar Lexicographical Proposal
The LG proposal is based on three main aspects: (i) consideration of the indissoluble syntax of the lexicon; (ii) identification of simple sentences (instead of words or phrases) as minimal syntactic and semantic analysis contexts, and (iii) offering formalization and a descriptive method applicable to any language [20] . This theory proposes a combined study of lexical syntactic In order to produce such a description, Gross [9] proposed the creation of tables organized into classes to gather lexical elements that share properties from a grammatical category [21] . A table is presented in the form of a matrix: (i) in rows, corresponding class elements; (ii) in columns, syntacticsemantic properties which are not necessarily accepted by all class members, and (iii) at the crossing of a row and a column, the + sign or − depending on whether the lexical entry described in a row accepts or does not accept the property described by the column (see Table 1 ). A syntactic-semantic property is information that refers directly to the base construction associated with the class, a transformation of the base construction, or an additional construction. If a word has two different meanings, then it will have two lexical entries. As can be observed, a verb such as Boperate^has a double meaning according to the type of objects required: N0 = prof. of medicine; N1 = human (the doctor operated on the patient); N0 = hum (medical professional or not), N1 = nonhuman (the employee operated the computer). Subsequently, a second table (Table 2) is established with the transformational possibilities of each sentence.
In relation to this, Project FONDECyT [22] is intended to adapt the LG table descriptions into Spanish medical domain lexical units, implanting them computationally in order to obtain the argumentative structure projected by the said units. For the purposes of this paper, only passive transformations using the passive voice and negation were considered.
Method
The method used involved three stages. First, the lexical and grammatical units involved were analyzed in order to specify terms and to develop an electronic dictionary. Second, a formalization of the syntactic structures that organize negations in findings was made. Third, descriptions were computationally implemented and the effectiveness of the proposed method was tested in a corpus composed of 1100 radiological reports. Results considered precision, coverage, and the F measurement. The free software tool NooJ, developed by Silberztein [11, 12] , was used to accomplish this as it has different utilities for working with natural language: The methodological stages are described below.
Lexical Unit Analysis
One of the constituent parts of the detection method was the compilation of an electronic dictionary that contemplates the lexical units involved in the formation of negated findings and grammatical words that only have syntactic information (articles, pronouns, etc). To do this, a subdivision was made between purely grammatical units and lexical units (see Table 3 ).
Once the classification was made, two dictionaries were developed, one corresponding to grammatical words and the other to words with lexical content. These dictionaries contemplated (i) morphosyntactic information and (ii) inflectional variations. Figure 1 shows a part of the dictionary.
We then turned to morphological grammar, which allowed us to generate variations of words from a single dictionary entry. The flexion indicates gender, number, person, etc. that a word can have. In Spanish, names and adjectives have gender and number variation; therefore, a dictionary must include every possibility.
For example, a word like Bmédico^(Bdoctor^) is listed as follows:
This means that Bmedico^(Bdoctor^) belongs to a group of names (BN^) and has an inflection (BFLX^) corresponding to the niño (child) model, specified in morphological grammar:
This way, NooJ produces the following possibilities for Bmédico^: Bmédico,^Bmédica,^Bmédicos,^Bmédicas,T his procedure is much more efficient because the same model allows numerous words to inflect (Bdoctor,B nurse,^Bpharmacist,^etc.) due to the nature of verbs in Spanish given their enormously inflectional properties. The advantages of inflectional grammar are indisputable [23] .
A dictionary was compiled in NooJ for Fondecyt project [22] that consisted of basal words from the Essential Spanish Language Dictionary [8], as well as names and adjectives in the medical domain that were extracted from the Royal National Academy of Medicine dictionary [7] and Snomed CT ontology. Morphological models were created for verbs, names, and adjectives getting a medical dictionary of 46,962 lemmas.
Although the dictionary compiled in NooJ is extensive, it is impossible to manually keep dictionaries and terminological bases completely updated. To overcome this issue, productive grammar was established to mitigate word risks. For example, any letter sequence initiated with a capital letter as a proper name was labeled. However, according to this procedure, every word that initiates a sentence is also labeled as a name. In the case of double labeling, the program creates a hierarchy for the word. At the same time, given that the work focuses on findings, lexical units correspond to category names. Any unknown word whose category could not be deduced by productive grammar was considered a name.
Once units were identified, the subsequent step was describing them and, later, the formalization of syntactic structures which contained negated findings. Those procedures are described in the following section.
Syntactic Structure Formalization for Negated Findings
The aim was to develop a procedure for the automatic recognition of negated findings (HALLNEG) in natural language texts, specifically in radiographic reports. Modeling and the subsequent machine implementation focused on the structures formed by any of the following constructs:
Brackets indicate that the resulting construction is an inseparable block whose order cannot be altered. However, given the characteristics of the Spanish language, sentence components can be displaced:
& Bno se detectó dilatación en la vía urinaria^(Bdilation in the urinary tract was not detected^)
-Ben la vía urinaria(,) no se detectó dilatación^(Bin the urinary tract(,) no dilation was detected^) -Bdilatación(,) no se detectó (en la vía urinaria)( Bdilation(,) was not detected (in the urinary tract)^)
& Bvía urinaria sin alteraciones^(Burinary tract without alterations^)
-Bsin alteraciones la vía urinaria^(Bwithout alterations to the urinary tract^)
In this way, it is possible to develop a computerized grammar system that contemplates all possible combinations. Noun phrases for findings (SNHall) are composed of a substantive lexical nucleus that corresponds to the finding category and can be modified by an adjective phrase (SA) and a prepositional phrase (SP) that may or may not correspond to a Zanat.
Rules for regrouping were established for the recognition of the various lexical syntaxes involved. Based on certain linear properties, combinatorial possibilities of elements were restricted. NooJ makes it possible to graph grammar. Figure 2 shows an example for the recognition of SNHall.
However, sentences may contain more than one finding working together (two findings) or in enumeration (more than two findings). Between findings, it was necessary to contemplate the presence of a comma and the conjunctions By^(or Be^) (Band^) (see Fig. 3 ).
Finally, grammar (Fig. 4) was established for the recognition of sentences containing negations.
One of the advantages of considering syntactic structure is a guaranteed high percentage of accuracy. Furthermore, several cases in which errata occur can be deduced given that syntax limits the possibilities of certain words being in certain positions. For example:
& After a negation (Bno^) and one or two clitics (Bse le,B se^), there can only be a conjugated verb. Therefore, an unknown word followed by that sequence has to be tagged as a verb. & After a determinant, generally, goes a noun. Therefore, an unknown word followed by that sequence has to be tagged as a noun. & After a locative preposition usually goes a noun. Therefore, an unknown word followed by that sequence has to be tagged as noun.
To do this, grammars derived from grammatical category deduction were used. Figure 5 shows a part of this kind of grammar.
This type of grammar obeys the requirements of the Spanish language. For example, after a negation (Bno^) followed by a clitic pronoun (Bse^), the only possible word is a conjugated verb (Bno se observaron/evidenciaron/vieron/etc^).
The results are presented in the following section.
Results
In order to test this methodological approach, a corpus of 1000 radiology reports extracted from the Garrahan Hospitals' database (Buenos Aires, Argentina) was compiled. After a manual review executed by experts of the area, a total of 2075 sentences were identified; 535 of them contained findings and 404 of them showed adverbial negations (Bno^) and prepositional negations (Bsin^). The remaining sentences led to information related to measurements (BReder 10.9 cm y riz 11.o cm-Bazo homogéneo^) or anatomical areas classified as Bnormal^(BParedes y contenido normal.^) ( Tables 4 and 5 ).
The following table summarizes what the experts observed in the corpus.
As shown, 75.7% of the sentences with the findings contained negations. To prove the effectiveness of this methodological approach, the corpus was analyzed with NooJ, which recognized automatically the sentences tagged as SNHall (see Fig. 6 ).
Simultaneously, the software also detected negations presented in the corpus (see Fig. 7 ).
The next step was to compare the results obtained with NegEx. To do so, the same corpus was analyzed with this tool, for which it was necessary to consider the finding tags from NooJ and another manual tagging process for those cases NooJ did not recognize, since NegEx needs sentences that contain a tagged finding.
The results obtained by both algorithms were the following. For the calculation of the acquired percentages, true positives (TP) were considered in those sentences that contained negated findings: NooJ succeed to recognize 384 of 404 and 387 NegEx from the corpus. False positives (FP) trace a relation to those sentences that contained findings, which were not negated, but tagged as negations by the algorithms. In this regard, NegEx had five wrong tags, while NooJ did not show any errors.
The true negatives refer to the sentences that did not contain negations, so they were recognized by the algorithms, the false negatives referred to the sentences without negation that were tagged as negated. NooJ and NegEx concur in the FN and show a difference of ten in the TN, where NooJ recognized every case.
Discussion
NegEx as well as Nooj showed results suitable for recognition tasks. All measurements surpassed 90%. This benefits the use of methodologies based on regular expressions. However, it is worth mentioning this is mainly due to formatting, which was usually homogeneous and regulated by the corpus. In fact, a clear phenomenon of this was the amount of sentences repeated. For example, the sentence Bno se detectaron adenomegalias( Bno adenomegalies were detected^) appeared 54 times. In future studies, the objective is to process the entire corpus in order to obtain more information.
Part of the results of Nooj's output are presented in Fig. 8 as to illustrate the detection method. Now then, the use of Nooj presents a number of advantages according to the inclusion of linguistic data of diverse nature. For example, apart from identifying the finding, it can also identify in which part of the body is located. Furthermore, the use of grammars allows the deduction of entities not contained on the dictionary or with spelling errors.
As for coordinations, a total of 69, out of 71, were recognized. At the same time, every SNHall that formed the coordination was identified. As an example:
In this sentence, there are four findings (Bdilataciones ventriculares,^Bdesviaciones de la línea media,B efectos de masa^and Bcolecciones^) and NooJ could detect and label all them. The recognition of coordinations could be useful for automatic classification tasks (for example, hypernym-hyponym relations). In Autor [24] , these possibilities are explored.
Overall, Nooj presents three advantages over NegEx. The first one is that Nooj does not require a prior labeling of findings. Instead, it is done simultaneously and in a single step, along with the detection of negations. The second one is that Nooj allows the detection of findings not included in the dictionary (or findings with spelling or typing errors) by deducing it form the syntactic contex. For example:
The sentence above has two typing errors, Bobserv¢â nd Bl¡quido.^However, Nooj made an effective recognition given that the first word contained a negation adverb (Bno^) on its left, followed by a clitic pronoun (Bse^) which restricted the possibilities to a verb. The second error was also deduced successfully. Due to the fact that the misspelled word has a verb on its left and an adjective on its right, it can only be a noun.
The third, and final, advantage is that Nooj can identify coordinated findings, as seen in the last example of Fig. 6 . NegEx's algorithm only points out the sentences with negated findings, not how many there are. Most errors and omissions were mainly due to typing and spelling errors. Especially with negations followed by a line break, this disarticulated the sentence:
Therefore, these findings were labeled as non-negated findings and, thus, they were not considered. Furthermore, typing errors which included more than two words together in the same sentence prevented term recognition by deduction of categories.
Also, some cases were not considered in the grammatical system developed because the negated findings had the form of a participle, such as Bnot dilated^and, due to and error in the dictionary, Burinary tract^was labeled as a finding.
Although these errors affected the results negatively, it is worth mentioning that they are easy to correct.
Conclusions
A methodology was presented for the automatic recognition of negated findings, based on morphological, lexical, and syntactic data processing. Lexicon-grammar [9, 10] was taken as reference for the projections lexical units may have. Therefore, the following aspects were considered: (i) lexical and grammatical units involved and (ii) the syntactic structure that organizes the negation of a finding. These steps were considered in relation to the possibility of formalization and the subsequent computational implementation.
For the first item, a classification of the units forming a sentence containing a negated finding and an electronic dictionary was created. Validated databases such as RANM dictionary [7] and, most importantly, SNOMED CT ontology, which are updated periodically, were used.
For the second item, the syntactic structure presented with sentences containing negated findings was formalized in order to be compatible with computational implementation. Nooj was used for the latter [12] , as it has several utilities for automatic linguistic analysis. This software, in addition to having a compilation of electronic dictionaries, computerizes syntactic grammar, allowing not only for the identification of negated findings, but also the identification of multiple findings, as well as the identification of the anatomical area examined by the radiologist. In fact, more information could be added, depending on the user purposes. Accordingly, we expect to obtain better results and subsequently propose effective tools for this type of task.
